Abstract
INTRODUCTION
One of the most actual topics in the hepatological research is the investigation of chronic hepatic diseases (steatosis, non-alcoholic steatohepatitis, viral and autoimmune chronic hepatitis). The reasons for this increased interest are the incomplete knowledge about the pathogenesis and the factors influencing the natural evolution of these diseases, on one hand, and the necessity to identify prophylactic and therapeutic solutions, on the other hand. Chronic hepatic diseases constitute an important public health problem, by increased incidence, difficulties in prophylaxis and therapy and especially by the evolution in many cases towards cirrhosis and hepatocarcinoma [1] , influencing the survival and life quality [2] .
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Hepatic steatosis is an anatomo-clinical entity, considered as a benign disease with limited evolution potential, but it was recently proven that simple steatosis can evolve towards hepatic fibrosis. Having knowledge of the evolution stages in the hepatic tissue modification from steatosis to steato-hepatitis, to fibrosis and cirrhosis is essential for diagnosis and for understanding the pathogenesis of disease progression, with immediate consequences regarding therapy.
The diffuse hepatic steatosis is known to be visually noticeable in ultrasonography by the pathological increase of the tissue brightness and of the posterior attenuation [3, 4] . In general, the ultrasound examination is performed visually by the physician, which makes the ultrasound image interpretation is subjective (operator dependent), not by quantitative evaluation. This approach makes the use of ultrasonography limited as non-invasive diagnosis method, especially making practically impossible a reliable time monitoring of hepatic steatosis evolution [5, 6, 7] . This motivates the current trend in the computer ultrasound imaging community, of developing computer-based algorithms to extract suitable quantifiable descriptors of steatosis from ultrasound hepatic images, able to accurately discriminate the hepatic tissue changes. Once a set of such descriptors is available, they can either be interpreted manually or automatically using classification systems that can discriminate between healthy tissue and steatosis. The final goal is to obtain computer-based systems to aid the physician in the evaluation of the hepatic tissue modifications and monitoring of their evolution based on ultrasound imaging alone, while providing performances close to the ones obtained by the classical biopsy 
THE PROPOSED ULTRASOUND IMAGE ANALYSIS

METHOD FOR HEPATIC STEATOSIS EVALUATION
The method we propose aims to implement in a quantitative (objective) fashion the qualitative formulated medical expert knowledge concerning the correlation between the in-depth mean brightness variation in the ultrasound image and the presence of steatosis in the hepatic tissue -variation that should not appear in the healthy liver tissue [3, 4] . However this is a non-trivial task, especially in what concerns the choice of the quantifiable features to be used for analysing the in-depth brightness variation, since it is not obvious whether when examining visually the hepatic ultrasound image, the human visual system actually perceives its "average" brightness as the mean or median luminance in a limited sized neighbourhood or on the contrary the "weights" of the different grey levels is different in the perception. The second situation is many times likely to occur. Therefore although the most straightforward parameter to describe the in-depth intensity attenuation in the ultrasound image is the median of the brightness, other simple statistical grey level distribution parameters can also be important for the quantitative description of the in-depth attenuation, as e.g. the darkest and the brightest grey level in the neighbourhood, spread and skew of the histogram. Furthermore to minimize the inter-subject variability in comparing the brightness of the steatosis with the healthy tissue, we consider as an extra-descriptor of the local brightness, the median brightness of the patient's liver referenced to the median brightness of the same patient's spleen extracted from the corresponding ultrasound image acquired in the same examination session.
The concept of "local neighbourhood" of the ultrasound image, where the brightness distribution is evaluated and quantified with the extracted features, is defined again making use of medical expert's opinion: a square region of interest of moderate size is chosen to describe locally the "perceived" brightness of the tissue patch. The indepth brightness variation is obtained by computing these features in regions of interests positioned at three consecutive fixed depths below the hepatic capsule.
Once the numerical features describing the brightness at the three selected depths are computed for a hepatic ultrasound image, we should assess their ability to discriminate steatosis from healthy hepatic tissue. This task can be formulated as a binary classification problem, which can be implemented using e.g. a support vector machine (SVM) classifier (this is the solution we adopt).
The classifier labels each ultrasound image as presenting steatosis or not. The classification accuracy (i.e. the match between the classification results and the real known diagnostic, provided by the biopsy) is a good indicator of the suitability of each examined feature in the discrimination of severe steatosis.
This system was implemented in the form of a Windows application. The user can load the spleen or the hepatic ultrasound images and can position the ROI at specified depths. The application processes the brightness contents in the ROI to extract the parameter values and saves these values in text files to be further used in the SVM classification training and SVM classifier test phase. The interface of this application and an example window of extracted features is presented in Figure 1 .
Conference on Advancements of Medicine and Health Care through Technology, MediTech2007, 27-29 th September, 2007, Cluj-Napoca, ROMANIA extract the quantitative statistical descriptors for the local brightness in each hepatic ultrasound image, the ROI of fixed size as defined here is successively placed at the three depths. In each position, several features are computed from the histogram of the grey levels in the ROI, as described in the following. In the case of the spleen ultrasound image, since the size of the spleen is much smaller than the size of the liver and since the spleen generally doesn't exhibit average brightness variation, the parameters are extracted in only one ROI.
Two examples of such sets of ROIs with the corresponding histograms at the three depths in two ultrasound hepatic images -one corresponding to a healthy liver and the other exhibiting steatosis -are given in Figure 2 . Examining the histograms, one observes that the shape and position on the grey scale axis of the three histograms (at the three depths) is the same in the case of the healthy liver (Figure 2.a) ). However in the case of the ultrasound image corresponding to severe steatosis, the shape and position of the grey level histograms modifies with the increase depth: not only the median grey level value decreases, but also the spread and the skew of the histograms change from a depth to another (Figure 2 .b)).
The features used here, as locally global descriptors of intensity distribution, are the following: 1) The 10 th percent percentile of the normalised grey level histogram, which is a descriptor of the darkest grey level in the ROI. l 10/0.5 (the 10 th grey level percentile at the depth 0.5 cm), l 10/2 and l 10/3.5 denote its values at the three different depths in the hepatic ultrasound image. With these three values we form the 3-D feature space of the 10 th percentile, used in the classification phase, described by the vectors l 10 in the form: l 10 =[l 10/0.5 l 10/2 l 10/3.5 ] T .
2) The 90 th percent percentile of the normalised grey level histogram, which is a descriptor of the brightest grey level in the ROI. l 90/0.5 , l 90/2 and l 90/3.5 denote its values at the three different depths in the hepatic ultrasound image, and its corresponding feature space, used in the classification phase, is described by the vectors l 90 Considering these seven features extracted from ROIs placed at the three above-mentioned depths for each hepatic US image, we will have 7 feature spaces to examine with the pattern classifier, describing the local intensity distribution and its in-depth variation.
Tissue Classification with Support Vector Machines
Support vector machines (SVMs) are powerful binary supervised classifiers, from the class of machine learning techniques, based on the optimal separating hyper-plane principle between the two data classes to be identified [13] . Due to their mathematically proven and applications validated ability of learning in sparse feature spaces from relatively few training examples, with good generalisation ability, SVM classifiers are successfully used nowadays in various pattern recognition applications, including medical applications as the one described in this paper (e.g. [9] ). One of the reasons of preferring SVMs to solve binary classification problems is their ability to derive an optimal separation hyper-plane even for data that are not linearly separable in their original feature space, by projecting these data in higher dimensional feature space and deriving a linear separation surface in this higher dimensional space (non-linear SVMs). Furthermore, in deriving and expressing the equation of the decision surface (optimal separating hyper-plane), the higher-dimensional feature space does not need to be explicitly used. The decision equation can be expressed as a function of the original vectors' dot product using some suitably chosen kernel functions, thus yielding the computations very simple [13] .
The hepatic tissue classification considered in this work can be expressed as a binary classification problem with the following two categories as classes: healthy hepatic tissue and hepatic tissue with severe steatosis. As feature spaces used to derive and employ the binary SVM tissue classifier, we investigate each of the seven spaces described in the previous section individually. As in any SVM pattern classification problem, the first step is to perform the SVM classifier training. To do so, one must define a training set of patterns, i.e. in our case, a set of labelled tissue samples containing both examples of healthy tissue and examples of tissue with severe steatosis, as balanced as possible in respect to the number of examples in both classes. The tissue samples and labels are common to all the feature spaces, only the features differ from one space to another. Several SVM classifiers were investigated, with different parameters and kernel functions: the linear classifier; the non-linear SVM with polynomial kernel function of degree 2, 3, 5; the non-linear SVM with Gaussian RBF kernel function, for different values of the width of the Gaussian. The penalty factor C assigned to the classification errors was also varied: 1, 10, 100, 1000. Finally, the classifier giving the best separation in the training set of our study group (as described in the Experimental Results section) in most of the feature spaces was selected, that is, the non-linear SVM with Gaussian RBF kernel, with the width of the Gaussian kernel of 0.001 and the penalty factor C=100. The optimality of the Gaussian RBF kernel based SVM classifiers among other choices is often encountered in medical pattern classification applications [14, 15] .
A rather common situation in binary pattern classification in low dimensional feature spaces is the one when although the correct classification rate (accuracy) is not very high in each individual space, the errors are unevenly distributed in the different spaces: samples incorrectly classified in some feature spaces are correctly classified in the others. In such a case, the overall classification accuracy can be improved either by fusing the individual feature spaces into a new joint feature space, or by performing a classification independently on each individual feature and fusing the individual classifiers decisions by some decision combination scheme [16] . Depending on the specific application and on the particularity of the extracted individual features, one can choose the more suitable of the two strategies. In the case of the features considered here for the discrimination between the tissue with no steatosis and with severe steatosis, the fusion of classifiers' decisions proved more appropriate than the fusion of the feature spaces. This can be accounted for the different nature of some of the extracted features (e.g. the median and the percentiles as compared to the skew and CVL of the normalised grey level histogram of the ROI). We use one of the most simple classifier decision fusion strategies, namely, the majority vote [16] , in which the final classification decision is adopted as follows. Let us consider a certain ultrasound hepatic image (to be classified as showing severe steatosis or no steatosis). For this image's classification, we will denote the seven corresponding individual SVM classifiers binary decisions (in the seven feature spaces) as f p10 (l 10 ), f p90 (l 90 ), 
scheme is given as:
where f k denotes one of the seven individual classifiers binary decision functions and x k denotes one of the seven individual extracted feature vectors for the currently analysed ultrasound image (e.g. f 1 =f p10 , x 1 =l 10 ), and x refers generically the current ultrasound hepatic image.
EXPERIMENTAL PROTOCOL
The verification of the proposed ultrasound image analysis method described in the previous section was done on a study group of 62 patients (30 women and 32 men) with chronic viral hepatitis B, C and non-alcoholic steatohepatitis, enrolled in our study in the period October 2005 -July 2006. The diagnostic was established by standard methods, including histopathological liver examination. Each patient went through hepatic and spleen ultrasonography in the same image acquisition conditions, performed on the same ultrasound machine by the same examiner. We used the spleen section as reference ultrasound tissue sample for the patient himself. Later on, the patients went through liver biopsy. The fragment was histopathologically examined with hematoxilin-eosine staining. The severity degree of steatosis was quantified using the Brunt classification [7] . Histopathologically, the subjects were classified in: 40 without steatosis or mild steatosis and 22 with steatosis degree 2-3 (severe steatosis).
EXPERIMENTAL RESULTS
In evaluating the performance of the method proposed here, we use the study group of 62 individuals mentioned above. From the total of 40 subjects with mild or no steatosis and 22 subjects with severe steatosis, a sub-set of ultrasound images (a pair of images spleen -liver per subject) perfectly balanced, corresponding to 30 patients, 15 with severe steatosis and 15 with no mild or no steatosis, are used as training set of ultrasound images. In each of the seven feature spaces considered for examination, the extracted feature vectors l 10 , l 90 , m l , m l-s , sd l , s l and cvl from the 15 ultrasound images with severe steatosis are labelled as -1, whereas the same feature vectors extracted from the 15 ultrasound images with mild or no steatosis are labelled as +1. The remaining sub-set of 32 ultrasound images, 25 with mild or no steatosis and 7 with severe steatosis, are used as test set.
The first set of experiments aims to assess the ability of each of the seven feature spaces to discriminate correctly and reliably between the cases with severe steatosis and the ones with mild or no steatosis, using the individually trained nonlinear SVM classifiers with Gaussian RBF kernel. Since the classification error in the training set was 0, we present here as the results of this experiment only the classification accuracy in the test set. Discussing the results in Table 1 , we notice that, as expected, the best classification performance is given by the relative median hepatic luminance feature space, referenced to the spleen median luminance, m l-s . Therefore for this feature vector, we consider useful to compute and present also other measures of performance, currently used in the evaluation of similar ultrasound image analysis applications, namely: 1) the sensitivity of the method, defined as:
2) the specificity of the method, defined as: (8) For the median of the normalised grey level histogram referenced to the median of the spleen, these performances are presented in Table 2 . The second experiment performed started from the observation (validated by the first set of experiments) of an uneven distribution of errors in the test set among the seven SVM classifiers -which makes it reasonable to expect improved classification performance of the ultrasound hepatic images into severe steatosis and mild or no steatosis through the fusion of the individual decisions of these binary classifiers, as e.g. using the majority vote as described in the previous section. Indeed, applying this classifier decision fusion strategy, the overall performance of the system is improved, as shown by the results in Table 3 . Especially remarkable is the improvement of the specificity (from 25% in the case of using only the relative median luminance feature space to 85.71% when using the majority vote classifier fusion scheme); this makes acceptable the slight decrease in the sensitivity (from 95.65% to 88%), especially considering that all the other performances are better in the case of classifier decisions combination. As compared to the state of the art in the literature, the results presented in Table 3 outperform some of the performances obtained in feature spaces with similar computational complexity; thus, the reported accuracies in discriminating severe steatosis from mild or no steatosis are [10] : using as features some fractal measures-69%; using features computed from the Fourier power spectrum -82% (both inferior to our accuracy -of 87.5%). The grey level co-occurrence matrix-based features slightly outperform our accuracy (87%) and so do the non-separable quincunx wavelet transform decomposition features (90% accuracy), however at a higher computational cost.
CONCLUSION
We investigated and proposed a new method for the quantitative evaluation of hepatic steatosis from ultrasound images. The experimental results are close to the state of the art in the field, while using very simple tissue descriptors. The relative median hepatic luminance using as reference the spleen has a rather high accuracy in steatosis quantification, and this accuracy can be increased with the support of the other parameters.
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